The study adds an empirical outlook on the predicting power of using data from the future to predict future returns. The crux of the traditional Capital Asset Pricing Model (CAPM) methodology is using historical data in the calculation of the beta coefficient. This study instead uses a battery of Generalized Auto Regressive Conditional Heteroskedasticity (GARCH) models, of differing lag and parameter terms, to forecast the variance of the market used in the denominator of the beta formula. The covariance of the portfolio and market returns are assumed to remain constant in the time-varying beta calculations. The data spans from 3 January 2005 to 29 December 2014. One ten-year, two five-year, and three three-year sample periods were used, for robustness, with ten different portfolios. Out of sample forecasts, mean absolute error (MAE) and mean squared forecast error (MSE) were used to compare the forecasting ability of the ex-ante GARCH models, Artificial Neural Network, and the standard market ex-post model. Find that the time-varying MGARCH and SGARCH beta performed better with out-of-sample testing than the other ex-ante models. Although the simplest approach, constant ex-post beta, performed as well or better within this empirical study.
Introduction
The Capital Asset Pricing Model (CAPM) gained notoriety due to William Sharpe's published work in 1964. Since then many applied tests supported the CAPM, including research by Black, Jensen, and Scholes (1972) [1] in which their research found a positive relationship between returns and betas. The drawback discovery they found was that the current model suffered from a flat security market line (SML). Since then papers have increased that find evidence against the original model. Fama and Macbeth (1973) [2] results show that there is a relationship between beta and returns, though the beta is not constant from one five-year period to the next. Testing the CAPM poses challenges to researchers in application of the theory.
First, the CAPM makes predictions about the expected return of an asset, an essentially unobservable variable. There is no database storing the returns the investors expect when they trade securities. Therefore, it must be assumed that investors have rational expectations. This means that though investors may make mistakes periodically, in large samples their nonsystematic errors are reduced and they become correct on average. Thus, realized historical returns can be used as a proxy for expected returns.
Second challenge is due to the fact that CAPM is a one-period ahead model, with duration of the period unknown. It does not address how investor expectations may change from period to period. In addition, the beta is treated as a constant though in actuality it changes over time as firms evolve, alter capital structures and investments, and/or change management.
Although the aforementioned challenges exist, the CAPM has no equal in calculating the cost of equity and asset prices, Graham and Harvey (2001) [3] found that 75%, of the 392 US CFOs interviewed almost always or always use the CAPM. This is up from only 30% in the 1980s. Currently in developing markets, such as Brazil, it is closer to 30% of the CFOs utilize CAPM to determine the market required return on their stock. With the CAPM widespread use on the rise, this research seeks to uncover the most accessible and accurate way to estimate beta between the ex-ante and ex-post methods. This study estimates beta within the US and ASEAN community within the recent 10-year period (2005 to 2014).
The capital asset pricing model (CAPM) allows analysts the ability to obtain discount factors, cost of capital, managing risk, portfolio management measurement, event study analysis, and used as the benchmark in testing of asset pricing theories. The CAPM beta coefficients can also be used to measure the amount of risk relative to the market and in linear form the R 2 from the regression model can be used to estimate the amount of systematic risk. The beta is thus a factor that explains the returns of assets. Another important function the beta serves is as an indicator for corporate managers to judge how the market views the riskiness of potential projects to make capital management decisions. Investors are able to indirectly respond to management by the selling if they dislike and buying when they approve of management's choices, in aggregate. Board of directors and managers then try to maximize shareholder wealth by making decisions based on the net present value of an endeavor. The key input to that process other than the cash flows is the required return, which depends on the individual project and the risk that goes with it. Managers must understand how investors assess that risk and what risk premium they demand. Surmising the required return and net present value for every possible project under consideration requires a vast amount of resources and time. The CAPM remains a simple and straightforward approach to deduce this required return, also referred to as cost of capital, and use historical data to capture investors' behavior toward required returns and their betas.
The ex-ante approach attempts to use future values of variance, rather than historical; to get better time-varying beta estimates to calculate expected returns more accurately. Pricing models and VaR measures often require forecasts for weeks or even months into the future. Less is known about this long-term forecast window and this study seeks to fill this gap with empirical data across a wide variety of markets, in-sample lengths, and four different ex-ante beta models (SGARCH, EGARCH, MGARCH, and ANN). GARCH models are the most applied in practice with the two most popular being the MGARCH and EGARCH. While not as commonly used the ex-ante ANN model is also examined to compare how well this machine learning model performs with the CAPM. The results in this study extend those of Reeves and Wu (2010) [4] who found that, in long-term forecasting, the constant beta model outperforms forecasts of time-varying AR beta models, and "dominates" the Fama-Macbeth model. Their research used individual stocks in the US, UK, and Australia. This paper is structured as follows: Section 2 provides an overview of the data before discussing the methodology for time-varying GARCH and Artificial Neural Network models, as well as constant beta models. Section 3 reveals the main results. Section 4 finally draws the main conclusions.
Data and Methodology
The capital asset pricing model (CAPM) defines the relationship between risk and return.
In Equation (1), E(R i ) is the expected return investors require for asset i, R f is the risk-free rate of return and R m is the market portfolio return, both using the rolling period returns in the ex-ante forecasts.
Historical betas, Equation (2) , are estimated from the stock's characteristic line by running a linear regression between past returns on the stock and past returns on some market index, ex-post data.
In the SGARCH and EGARCH approach the covariance, in Equation (2) , is assumed to remain constant and the models forecast future value of volatility to be used for the market variance. Given differing values from the forecast allows for a time-varying ex-ante beta. This study also models the multivariate-GARCH to forecast the covariance-variance in the beta. A theoretical limitation exists within the MGARCH model, in that in order to correctly use a consistent and valid covariance matrix it must be positive-definite (non-singular). The data presented in this study uses portfolios (one variable) with 10 years of weekly observations, it is not singular. The covariance is always positive-semidefinite because it is Gramian, see Hull (2012) [5] for the proof. Nonetheless, the MGARCH model is widely applied in forecasting asset prices. The most widely used model of conditional covariance and correlations in financial management is the dynamic conditional correlation (DCC) as used by Caporin and McAleer (2011) [6] with portfolio analysis. In support of the use for the SGARCH and EGARCH models it is assumed that the relationship between the portfolio and market returns remain unchanging during the short, five week, forecast period. For applications with a constant relationship see Gibbons and Ferson (1985) [7] and Ferson, Kandel, and Stambaugh (1987) [8] . They have examined the conditional CAPM by allowing time variation in expected returns, but assuming the covariance of asset returns to be constant over time, as is done in this study.
In research by Ederington and Guan (2010) [9] , they analyze how to improve long-term volatility forecasts. One suggestion is the use of a varying weight for beta in GARCH for long-term 10 to 20 day forecasts. For the index fund used in their report, there was no statistical significance between using and not using a varying weight beta parameter at the two horizons for both the EGARCH and SGARCH models. In the case of the SGARCH model at the 10-day forecast, using the varying parameter actually had a negative effect. Due to their results, for the purpose of this study and simplicity in implementation, the varying weight in their study is not used. Instead to account for the importance older observations play as the forecast horizon increase, weekly returns are used. Volatility has a mean reversion tendency, which can lead to serious estimation error in longer period forecasts, as GARCH has a short memory and the t + 1 is often assumed to continue through to the end. The weights on current volatility relative to weights on volatility three months ago receive the same weighting in forecasting volatility a month into the future as it does for tomorrow. To avoid this problem weekly data is used to forecast out one month. This increases the weights on older observations to better match the forecast horizon t + 1 as suggested by Ederington and Guan (2010) [9] .
Data
Empirically, this market portfolio has a proxy used in its place, most commonly the S&P500. The beta and market premium calculations use this proxy, so when researchers accept or reject the predictions it is unclear if it is due to their proxies used or the CAPM. In this study, each ASEAN country uses their market index exchange to represent the market return possible. Each country only has the one stock exchange market for publicly traded capital, each exchange is all inclusive of all securities available and thus is the most accurate proxy for the market return. For the five US sectors, which are traded on a variety of US exchanges, the Wilshire 5000 index is used to represent the market return. The Wilshire 5000 index is easy to obtain and includes over 3000 more companies than the S&P500. All of which are headquartered in the US (Over-The-Counter, penny, American Depositary Receipts, Limited partnerships, and stocks of extremely small companies are excluded). The index currently includes over 22 trillion dollars of US capital, about three trillion more than the S&P500.
Another problem confronting empirical studies is the risk-free rate. Naturally it is known that no investment is truly risk free and that the proxies for such an asset vary over time. This is a 10-year sample study and it is assumed that the investors will be a buy-and-holder and invest for a period of 10 years; hence the weekly returns of the 10-year US Treasury bond is then used in all calculations when a risk-free rate is required. At times the return is negative, with there being no true risk-free asset case in point, thus lowering the average rate.
The five countries that are in the ASEAN trade bloc with at least 50 publicly listed corporations with historical prices back to 2005 have been selected to represent ASEAN. They include Indonesia, Malaysia, Philippines, Singapore, and Thailand. The other exchanges of ASEAN member states were not included because their exchanges lacked enough publicly traded companies or were too young and did not span back to 2005. In addition to the five Southeast Asian portfolios, five sectors have been selected to represent the US market. Each ASEAN country and each US sector has a random sample of 50 individual stocks for a total of 250 stocks for ASEAN and 250 stocks for the US, 500 total.
Weekly adjusted closing prices are used for the 500 stocks, 6 indexes and the US 10-year Treasury bond in this research. The stocks were randomly selected by taking the total list in random order and dividing by 50, then selecting every ith company on the list. The list excludes those companies that were recently listed and historical pricing did not span back far enough. The complete list of securities used by each portfolio, graphs modeling the market (R m ) volatilities, and graphs of portfolio returns with ANN forecasts are available in the supplementary materials. The data consists of the weekly adjusted close and percent changes from 3 January 2005 to 29 December 2014. Weekly data is used, instead of daily or monthly, as it is the best measure. The value of an asset remains unknown until a sale is made. Over one-third of US companies listed on exchanges are not traded daily. The ASEAN markets being far less liquid, therefore giving an inappropriate amount of zero percent returns and skewing the results if daily data is used. On the other extreme is monthly data, which is also not used, as it provides too few data points for the results to be meaningful (only 120 observations per index) and would smooth out the volatility in the price changes too much for the GARCH models to be effective.
Each of the ten replicating portfolios have the 50 randomly selected stocks. The most obvious and accurate way would be to use several industry and country specific stock indexes. However, due to lack of information, portfolios were created from 50 randomly selected stocks. This approach is justified by the fact that companies within a sector share characteristics such as business cycles, tariffs, country risk, technological development, and raw material availability. This method is also commonly performed in CAPM studies and also benefits from the law of large numbers. The average correlation between the 10 portfolio returns and its market index returns is 0.85, indicating well diversified portfolios. Portfolios rather than individual stocks are used as test assets to overcome the errors-in-variables, data snooping and information loss issues. The former problem is due to the sensitivities to risk factors specified by the asset pricing models which are estimated from data that contains sampling errors. Since factor sensitivities for portfolios are estimated more precisely than for individual stocks, the factor risk premium estimates will be less biased due to errors-in-variables problems if one uses portfolios and not individual stocks.
Ex-Ante GARCH Beta and Artificial Neural Network
Stock returns are constantly changing all over the world for a variety of reasons, but a constant across all markets is the negative correlation between stock returns and volatility. The implications of this negative correlation means that shocks that are negative will have a greater impact on price than positive shocks to the market.
The use of historical returns to calculate the future is of concern for many random walk practitioners. Many seek to use future, not historical, data to calculate the future returns. The variances of asset prices are not constant, but are known to change quite considerably through time. Empirical data also may include volatility clustering and outliers in the unconditional distribution. This next section looks at forecasting future returns of the market index and calculating beta based on the forecasted market variance and assumes that the covariance between the portfolios and their market indexes remain constant. The financial data used has heavy tails and a student-t distribution was used in the modeling as it improved results. The data was checked for stationarity before any other steps are performed, using four different tests for increased confidence (PP, ADF, KPSS, and ZA).
Various combinations of GARCH models are estimated using different lagged terms in the mean and variance equations. Six different classes of GARCH models were estimated and the best performing model from three different classes (SGARCH, EGARCH, & MGARCH) are presented in the results. First the need was to identify a mean equation by testing for serial dependence. Then used the residuals with Engle's ARCH effects Lagrange-multiplier test and the squared residuals to test for ARCH effects with a Lung-Box test. Both tests indicated strong presence of ARCH effects. Lastly the appropriate model was chosen from information criteria (e.g., AIC, SIC, LB Q-stat. of estimated residuals), likelihood function, and performing in-sample backtests for comparison and then judging forecasts based on errors and out of sample tests from actual data. Best practices when using GARCH models is that one month is considered a long-run forecast and in application GARCH models are not used to forecast a quarter or more into the future. To state again, the out-of-sample used are the last five weeks of 2014.
The data were also subsampled into three-three year samples and two-five year samples and the models were compared again to make sure the results hold within the subsample periods and were not subject to data structural breaks. The three-year interval is of importance because the average career span of a CEO is approximately this length of time. Opponents of CAPM suggest that when management changes so does the risk, thus this three-year period is also examined with the different models. In addition, if there are any forms of structural break (Great Recession), the effect would be encapsulated within the smaller subsamples. The five-year sample period is a frequently used length of time in the pivotal CAPM studies and is thus used as the second interval period.
For the SGARCH and EGARCH models the market variances are forecasted five steps ahead then plugged into the beta formula assuming that the covariance between portfolio and market remains constant. The MGARCH (DCC) allows for the forecast of both the covariance, between the portfolio and market returns, and the variance of the market returns. For the MGARCH both the numerator and denominator, in Equation (2), are time-varying. When the statistical software automatically chooses the parameters for the GARCH models it gives fairly low alpha1 and beta1 model parameters. Because only 515 periods are used for each model fitting, the alpha1 and beta1 parameters are unreliable from the software. Through trial and error the research found that using the fixed parameters of alpha1 = 0.01, which determines the size of the instability, and beta1 = 0.87, which determines how quickly the instability dies away; the predictions are more accurate than the computer selected models. Though the information criteria is better with lower parameters, the improved forecast errors trump the automatically selected parameters and for this study the GARCH models are given the same fixed alpha1 and beta1 parameters for consistency.
Standard (S-GARCH)
Because the data is fewer than 1000 observations for each portfolio, the estimation is unlikely to give real information about the parameters in the model specification. The research has tested a variety of alternating parameters, but only the best model is in the results. Bollerslev (1986) [10] proposes a useful extension, of Engle's (1982) [11] work in creating a non-linear relation to current volatility with past innovations, known as the generalized ARCH (GARCH) model. For a log return series r t , let a t = r t´µt be the innovation at time t. Then a t follows a GARCH (m, s) model if
where again { t } is a sequence of iid random variables with mean 0 and variance 1.0, α 0 > 0, α i ě 0, β j ě 0, and ř maxpm,sq
Here it is understood that α i = 0 for i > m and β j = 0 for j > s. The latter constraint on α i + β i implies that the unconditional variance of a t is finite, whereas its conditional variance σ 2 t evolves over time. Term t follows a standardized Student-t distribution which is indictive of the fatter tail financial returns data.
Three strengths of using a GARCH model over the cross-sectional model can easily been seen from Equation (3). First, a large a 2 t´i or σ 2 t´j gives rise to a large σ 2 t . This means that a large a 2 t´i tends to be followed by another large a 2 t , generating the eminent behavior of volatility clustering in financial time series.
The tail distribution of a GARCH process has heavier tails than normal distributions, fitting of stock return data. Lastly, the model can describe the volatility evolution with the provided simple parametric function. The forecasted volatility from Equations (3) and (4) become the denominators of Equation (2); which in turn, allows for the time-varying ex-ante beta in Equation (1).
Exponential (E-GARCH)
To overcome some weaknesses of the S-GARCH model in handling financial time series, Nelson (1991) [12] proposes the exponential GARCH (E-GARCH) model. To allow for asymmetric effects between positive and negative asset returns, he considered the weighted improvement
where θ and γ are real constants. Both t and | t |´E(| t |) are zero-mean iid sequences with continuous distributions. Therefore, E[g( t )] = 0. An EGARCH (m, s) model can be written as
The unconditional mean of ln(σ 2 t ) is α 0 which is the same as with S-GARCH, but the model does differ from S-GARCH in several ways. First, it uses logged conditional variance to diminish the somewhat positive constraint of model coefficients. In addition, the use of g( t ) enables the model to respond asymmetrically to positive and negative lagged values of a t . In addition the E-GARCH model allows the conditional variance to evolve in a non-linear fashion depending on the sign of a t´1 . The EGARCH model has a memory that is longer than the SGARCH and the relative impact on past returns on the forecast does not depend on the horizon. Cao and Tsay (1992) [13] also recommend the use of the EGARCH model, over other volatility models, to obtain multi-step ahead forecasts of financial time series data. See Nelson (1991) [12] for additional properties of the EGARCH model.
Multivariate GARCH (M-GARCH)
The multivariate GARCH model, unlike the other GARCH models, allows investors to forecast the covariance of multiple assets. Most would not argue that assets change correlations with each other over time. Whether this aspect is significant in long-run forecasting will be tested in this study. The dynamic conditional correlation (DCC) method was used and it is the most popular MGARCH method and was found by Engle (2002) [14] to have superior forecast performance empirically over other MGARCH methods.
A 2-step method based on the likelihood function is used with the first step estimates the same model specifications and fixed parameters as the SGARCH model. The second step estimates the correlation. The model is the same model proposed by Engle (2002) [14] and is an extension of Bollerslev's (1990) [15] constant conditional correlation estimator (6) except that the R is time-varying.
where D t = diag{sqrt(h i,t )} and, R is a time-varying correlation matrix containing the conditional correlations.
Artificial Neural Network (ANN)
Artificial neural networks (ANN) are non-linear, regime-switching forecasting models that are founded on mathematical models of the brain. One advantage of ANN models is that they capture nonlinearities in the system without human intervention, which negates data snooping. They allow complex nonlinear relationships between the forecasted variable and its predictors by creating an intermediate layer containing hidden neurons. The outputs of nodes in one layer become inputs to the next layer. The inputs to each node are combined using a weighted linear combination. The result is then modified by a nonlinear function before being output. The ANN model allows only the intercept to be time-varying and the autoregressive coefficient remains constant. It uses n different logistic functions (nodes). Kuan and White (1994) [16] proved that when using a large n, the model can estimate any first-order model very well. Making it useful for nonlinear relationships with an unknown functional form. Although too many nodes and the model will be over-fit with the noise of the data, thus the value of n is selected using the parsimonious Schwarz's Bayesian Criterion (SBC). Schoeneburg (1990) [17] showed that ANN models with financial data may be applied to short term predictions. Kuan and Liu (1995) [18] used a feed-forward ANN model as is used in this study in forecasting financial time series data. Olson and Mossman (2003) [19] found that ANN networks performed better forecasts with Canadian stock returns than logistic and ordinary least squares (OLS) regression. Lastly, Ghiassi, Saidane, and Zimbra(2005) [20] found that the ANN was more accurate in forecasting time series data than autoregressive integrated moving average (ARIMA) models.
Let the hidden neuron be j, n the sample size, x i is the value of the ith input node, and b 1 , b 2 , b 3 and the weights w 1,1 , . . . , w 1,3 are learned from the data then,
In the hidden layer, this is then modified using a nonlinear function to give the input for the next layer. This tends to reduce the effect of extreme input values, thus making the network somewhat robust to outliers.
s pzq " 1 1`e´z (8) There exists a wide body of literature that conflicts with each other regarding appropriate number of inputs, hidden layers, and nodes in each layer. The methodology in this paper reflects the works of Lane (1993) [21] and Terna (1993) [22] .
Results

GARCH and Artificial Neural Network
The first major econometric problem is that the data are heteroskedastic and correlated across assets. This is caused because the variances of rates of return are different among assets and the returns of the assets are correlated. The study then turns to the GARCH models in seek of greater performance. It is argued that a standard GARCH model does not apply to emerging markets because of the increased frequency of large shocks, which would have the model predict too much volatility persistence. If the probability of switching out of a high-volatility regime is large, then the high volatility does not need to be very persistent. From the forecast errors in Table 1 below and results  in Table 2 , the SGARCH model fared worse than the EGARCH model. For both models, their out of sample predictions performed more than double for ASEAN as they did for USA. Making the modeling techniques more reliable in the USA than ASEAN. Unfortunately the predictions have wide confidence bands and are limited in their forecast length, graphs available upon request. Most individual investors would want to know further than five weeks into the future, which is considered a long-run forecast for GARCH models. The second major econometric problem is that the CAPM imposes a linear constraint on the returns and betas, assuming they are constant. To address this issue the artificial neural network (ANN) non-linear model is compared with the linear GARCH models in Table 2 . The ANN is a regime switching non-linear feed-forward neural network model that was run as a 2-3-1 network with 13 weights and 1000 iterations. The "2" is the number of inputs used, which was determined by testing the data with AR models of varying lags to determine best number of lags. Parsimony, SBC and log-likelihood were used in determination. The "3" is the number of hidden nodes that gives it its non-linear characteristics and finally the "1" represents the number of outputs which were averaged by the 13 weights as the model automatically trains itself and then averages again over the 1000 iterations of the trained model. For more on selecting the number of inputs, nodes, and hidden layers the reader is referred to Lane (1993) [21] .
To keep the report manageable the subsample MSE and MAE tables were left out, but are available upon request. The errors within the subsamples indicate that the EGARCH model still fits the true volatility better for the six countries across the three three-year and two five-year subsamples. With the exceptions being Singapore from years 2012-2014 and Philippines from 2006 to 2011. With the results over the entire sample holding within the five subsample periods, the entire sample is used when the out-of-sample forecasts are compared to the actual returns.
The out-of-sample backtest results tell a different story for the five subsamples. Because the GARCH models are built for large volumes of data input, it is of course no surprise within the shortened sub-periods they fared worse than the ANN. With five subsamples and 10 portfolios there were 50 horseraces. The ANN won 24 of the subsample horseraces, with 17 of the 24 wins coming from US portfolios. The GARCH models weekly average of the difference between the prediction and actual return spanned between the minimum being´3.8463% (US Real Estate 2006-2008) and the maximum value at 1.4861% (Malaysia 2012-2014) . With the average results of all the three-year subsamples, the SGARCH model outperforms the EGARCH for both US and ASEAN portfolios. As the sample length is increased to five years, the EGARCH outperforms on average, across all 10 portfolios, better than the SGARCH for the ASEAN region only. The average differences across all five US portfolios never ranked EGARCH or MGARCH winners for any of the subsample periods. The remaining of the results report on the entire 10 year sample.
The CAPM GARCH models did outperform the machine learning ANN model, however the average weekly GARCH differences (ranging from´0.46% to 0.24%) multiplied by the five-week period and such a relatively short forecast window are not particularly useful. Graphs of the ANN are available upon request. The MGARCH beta model in the ASEAN region does look promising for the CAPM, with an average difference of 0.0171% per week. The individual portfolio average results are available in Tables A1 and A2 in the appendix. The un-averaged five-step ahead forecast result errors are in Table A5 . The ANN forecast improved as the forecast horizon increased for both regions. For the most part the SGARCH and EGARCH forecast worsened as the window to forecast grew longer. The MGARCH model step-by-step forecasts are mixed between the portfolios. The accuracy of the MGARCH results were improving (getting closer to zero) for Indonesia (In), Thailand (Th), Philippines (Ph), Industrial Goods (IG), and Healthcare (HC), but not the other five.
All markets and portfolios spiked in negative volatility between July 2008 and January 2009, except two. Indonesia had two large and somewhat symmetric shocks between July 2009 and July 2010. Secondly, Malaysia's (Mal) largest shock was negative and occurred within January 2007 and July 2007.
The markets and portfolios with the most persistent volatility in the ASEAN region were Indonesia and Malaysia. In the US the Basic Materials portfolio had the highest volatility and forecasted betas. The MGARCH model was the best performing model for these three portfolios. The remaining three ASEAN portfolios did best with the EGARCH model (see Table A1 ). Overall the SGARCH performance dominated the US region (see Table A2 ) and the EGARCH did the best within the ASEAN region (see Table A1 ). Of all ten portfolios, Singapore had the overall best (lowest) predictions (errors) for all models. This could be because Singapore (Sin) was more isolated from the financial crisis in the US.
All predictions are statistically the same except those paired with the ANN and SGARCH models. When comparing the returns of the historical ex-post beta with that of the four ex-ante beta models used, only the ANN forecasts were statistically different from that of the historical beta model. The ANN model was also the worst ranked model on the entire sample (see Table A3 ).
Standardized Student's t-test reveals that it fails to reject the null of no difference between the out of sample test difference of the 10 portfolios using a time-varying ex-ante GARCH and constant ex-post beta models. The results of the traditional, constant, beta method outperforming a more intricate beta coincide with French's (2015) [23] study on using a non-parametric, time-varying, beta. Nonetheless the t-test does, reject the null, find a difference between the GARCH and ANN model out of sample differences. Looking at the averages in the two regions in Tables 2 and 3 , the traditional constant beta model results appear improved for ASEAN over that of the GARCH model and both appear to be equal within the US. In regards to the predictions being under-or over-estimated, the constant model results are reversed to those of the GARCH. ASEAN expected returns less actuals are negative, meaning under-predicted, and US are positive meaning over predicted (´0.29% and 0.23% respectively). The GARCH models proved to give too inaccurate of predictions for such a short window (five ahead) of forecast period. Though the GARCH models outperformed the artificial neural network within the month time period, they were already as good as or worse than the constant model's out of sample forecast. The GARCH models, aggregated results, under predicted the actual returns for the US and the constant models over predicted,´0.0034 versus 0.0023 average out of sample difference. With the ASEAN portfolios, the traditional constant beta, average out of sample difference is´0.0029 and the GARCH of 0.0016, meaning that the GARCH, in aggregate, over predict and constant models under predict the actual ASEAN data. The findings of such small forecast errors for the MGARCH and SGARCH models are very promising for institutional and retail investors.
Conclusions
The beta is the most widely used instrument among financial economists and specialists for risk management and is one of a handful of regression coefficients that people pay money for. This research finds the simple constant beta remains supreme in both US and abroad in the ASEAN community, on the basis of out of sample differences and ease of use. The MGARCH model did best among the most volatile portfolios for both regions and is overall the best for ASEAN. The EGARCH model did well within ASEAN and SGARCH for the US, for predicting returns, on more "stable" volatilities within the respective regions.
The simple constant beta method is the most widely used model by finance practitioners. The users of beta often pay fees to obtain the coefficients. Results in this research conclude there is no reason to suggest a more complicated method that lacks superior performance. Within ASEAN the five-week forecasting return errors range from 0.09% to 6.33% for the ex-ante models. Within the US the return errors are smallest at´0.52% and spread widest at´2.31% for the total five-week forecast with ex-ante models. The constant, historical, beta was 0.29% different from the actual returns in ASEAN and 0.23% for the US. The forecast mean absolute errors, in Table A4 , rank the constant beta model king with all ex-ante models underperforming in both regions. Among the ex-ante models the EGARCH (ASEAN) and SGARCH (US) performed the best based on forecast mean absolute errors.
The ex-ante models complicate the implementation and have little practical advantage relative to the constant, ex-post, market model within the sample used. The ex-post market model is able to reduce the variance of returns by removing the portion of return that is related to variation in the market's return. The lack of sensitivity to the choice of model between the original ex-post and newly developed ex-ante GARCH, may be attributed to the fact that the variance of returns is frequently not reduced much by choosing a more sophisticated model. For a proof see Campbell, Lo, and MacKinlay (1997) [24] . It thus appears the original CAPM lives on and is successful in asset price forecasting within the US and ASEAN markets during 2005-2014. This study thus supports the 30% of CEOs outside the US that currently use the standard CAPM and should give assurance to remaining 70% of practitioners to adopt the CAPM as their preferred pricing tool. The 0.2% difference in monthly accuracy between the, better performing, MGARCH of that of the traditional beta is negligible for the typical investor and non-institutional company. This study empirically demonstrated how the ASEAN countries perform relative to the US markets in terms of fitting volatility for long-term forecasts and the comparison of expected returns to that of actual returns. The usefulness extends to VaR, making market neutral portfolios, and pricing models, which require long-term horizons. Singapore had the overall best (lowest) predictions (errors) for all models. This could be because Singapore was more isolated from the financial crisis in the US. Thus, future research could investigate the spillover effects between the nations, various smoothing kernels in conjunction with time-varying beta, Kalman filtering, or using a multifactor beta model. Finally, one may look at using more ex-post models such as the consumption beta, mean adjusted beta, and market beta models in conjunction with the differing lengths of in-sample periods.
Supplementary Materials: The following are available online at www.mdpi.com/2227-7072/4/3/15/s1, List of 500 securities used in sample, Figure S1 : Graphs of the EGARCH models of market volatility and forecasts, Figure S2 : Graphs of the Neural Network Auto Regressions.
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